Abstract-Automatic or semi-automatic segmentation and tracking of artery trees from computed tomography angiography (CTA) is an important step to improve the diagnosis and treatment of artery diseases, but it still remains a significant challenging problem. In this paper, we present an artery extraction method to address the challenge. The proposed method consists of two steps: (1) a geometric moments based tracking to secure a rough centerline, and (2) a fully automatic generalized cylinder structure-based snake method to refine the centerlines and estimate the radii of the arteries. In this method, a new line direction based on first and second order geometric moments is adopted while both gradient and intensity information are used in the snake model to improve the accuracy. The approach has been evaluated on synthetic images as well as 8 clinical coronary CTA images with 32 coronary arteries. Our method achieves 94.7% overlap tracking ability within an average distance inside the vessel of 0.36mm.
I. INTRODUCTION
essel segmentation, quantification and visualization are very important tasks in the field of medical image analysis. Among these, the segmentation of vascular structures is particularly valuable for diagnosis assistance, treatment and surgery [1] [2] [3] [4] . Till now, vascular segmentation still relies heavily on manual operations, which tend to have problems with repeatability, reproducibility and human errors. To overcome the aforementioned problems, the medical imaging community has proposed automatic approaches for vessel segmentation (see also [1] [2] [3] [4] for detailed review).
Vascular segmentation method can be roughly grouped into three general classes: Region growing methods [5] incrementally segment an object by recruiting neighboring voxels from seed points or regions located inside a vessel, based on some inclusion criteria. Although popular for their simplicity and efficiency, their performance is heavily dependent on the inclusion criteria, which is especially difficult to define for complex structures. Active contours, including snakes [6, 7] and level set [8] [9] [10] based methods, evolve an interface through external force and internal forces. It is widely used for its flexibility of the initial position and ability to handle geometric topological changing. However, only low-level operations such as pixelwise inclusion criteria are adopted and higher-level information are not fully utilized.
Centerline based approaches seek additional robustness by relying on higher-level information, such as the localization of the center of the vessel and the estimation of its direction [11, 12] . The Hessian matrix based vesselness enhancement [13] is the most common tool. In this approach, scale selection procedure is always needed due to the variational sizes of the vessels. Nevertheless, developing a fully robust automated method for vessel segmentation is still a challenging task due to the cluttered objects, partial volume effects, intensity inhomogeneity, complex vessel structures and huge size and high dimensionality.
In this paper, we present a novel centerline based method for vessel segmentation. The method uses a geometric moment based tracking to detect a centerline, followed by snake-driven centerline refinement and radii estimation to ensure tracking accuracy. The proposed method does not require scale selection, is more robust than conventional tracking methods, is computational efficient, and is accurate.
II. METHOD

A. Artery centerline tracking with geometric moment
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It has been observed that the eigenvector corresponding to the largest eigenvalue of matrix is indeed oriented along the cylinder principal axis. Also, it is reasonable to assume that the true center point is always on or near the center of mass. Thus, our proposed new tracking algorithm is as follows. Denote u as the directional vector based on order-2 geometric moment, v as the directional vector pointing to the center of mass (CM) and 1 v . The local line direction vector w is estimated as follows:
where v u u v means only the component of v that is perpendicular to u is used. a is a constant weight balance which is fixed at 0.5 in this work. Figure 1 illustrates how w is computed based on u and v . By combining both order-2 geometric moment vector and the directional vector pointing to the center of mass, the advantages are not only to improve the tracking accuracy, but also to ensure that the tracking is always inside the tubular structures. The design of the grey-level intensity function f in (1) is very important to ensure the robustness of the centerline tracking algorithm. In this work, we use a non-parametric model to design f such that the arteries can be distinguished from the surrounding tissues and bones with similar or higher intensity values. In this method, every single sample is treated as a Gaussian distribution and all these small Gaussian kernels are integrated to derive the overall non-parametric estimation of the probability density function (p.d.f.) which serves as f . Denote i p as a point on the detected centerline, the p.d.f. of the local artery region can be expressed as follows: is a constant specifying the width of the Gaussian kernel. Based on the estimated p.d.f, each voxel is assigned a probability value, which will be served as the weight function f in the line direction estimation. In our work, is fixed to 4 while M R is a region with i p as the central point. The overall procedure for centerline tracking has five steps:
Step 1: manually initialize one starting point 0 P inside the beginning part and end P inside the ending port of the artery region;
Step 2: based on the current point, establish a local region W (larger than the cubic window V ) and calculate the local probability map according to (5);
Step 3: calculate the line direction w based on v and u ;
Step 4: track the next point by
where r is a fixed radius parameter(fixed to 0.15 in this work);
Step 5: determine which one of the three conditions i+1 p satisfies: reaching the nearby region of E p , then the tracking is finished; lying inside the local region W , then go to step 3 to continue the tracking; or lying outside W , then go to step 2 to continue the tracking. During the tracking, one important criteria is that if the angle between two consecutive estimated u is larger than . This is to ensure the consistence of the eigenvectors of the inertia matrix. Figure 2 shows the tracking procedure in a flowchart.
B. Centerline Refinement and Radius Estimation
To further segment the artery contour and improve the accuracy of centerline extraction, a generalized cylinder model based snake method is used. We assume that the images satisfy: (1) the intensity in the vessel is continuous; (2) each cross section of the vessel is similar to a circle. The structure of an artery is represented by the generalized cylinder model (GCM). The GCM is composed of two parts: a centerline , 0,1,..
, where i x represents a center point on the centerline and N is the total number of center points, and a series of circles perpendicular to the centerline. Also, an active contour model (snake) [16] is used to fit the GCM structure to the data by minimizing an energy function, which contains external and internal energies. The approach proposed in [10] utilizes two external energy terms to attract the snake to boundaries, namely, gradient-based offset-medialness and appearancebased energy. An internal energy term based on the centerline positions and radii is used as the smooth constraint. We further improve this approach by incorporating a released constraint on object intensity distribution and the directional distances such that the true 
where m is the number of selected points on the boundary, r is the radius of the circle, x is the position of the center point and j o is the unit vector from the center point to the jth boundary point. The proposed new appearance-based energy term is defined as the difference between the current circle and the boundary of the region of interest (ROI). First, the intensity distribution of the vessel is estimated using (4) with M R denoting the current detected region inside the vessel. Then based on the estimated p.d.f, each voxel is assigned a probability value and a mean thresholding is applied to generate a binary image. After that, a region growing is applied from the initial centerline and the result is treated as the ROI, followed by a canny edge detection to extract the boundary. Finally, the difference d between the points on the circle ( r j x o ) and the corresponding points x ox (7) Figure 3 shows the advantages of using the proposed directional distance for energy calculation. Figure 3 (a) shows a case when the current estimated center point is very close to the actual center point. In this case, the conventional shortest distance in level set scheme works fine and our proposed appearance-based energy calculation is very similar to it. Figure 3(b) shows a case when the estimated center point is very close to the boundary point. In this case, the shortest distance in level set scheme will lead the contour shrink to the boundary point 1 P , instead of pulling to the ROI boundary toward 2 P . While the proposed directional distance works well in this case as it tries to reduce the distance 2 d , thus pulling the contour toward 2 P .
The overall external energy ext E for one cross section at center point i x is defined as the weighted sum of the offsetmedialness and the appearance-based energy terms. In additional, the internal energy for each cross section is defined as: 
where 0.5 is a constant parameter to balance the contribution of each term. Thus, the total energy for the snake model is defined as: where N is the total number of center points in the initial centerline, and 0.8 is a constant parameter to balance the contribution of each energy term in the overall energy calculation. The evolution of the snake model is based on the iterative gradient descent method, which minimizes ˆs nake E with respect to both the center point location i x and the radii i r . Compared to the energy definition in [18] , our design on appearance-based energy term releases the constraint of object intensity distribution, which makes it possible to detect objects whose intensity values are similar or lower than their surrounding backgrounds. Furthermore, by applying directional distance in the snake model, the algorithm is more robust against the location of the initial center point.
III. EXPERIMENTAL RESULTS
To evaluate the performance, the proposed method is applied to clinical coronary CTA images as well as synthetic CTA images. We adopt the evaluation measurements defined in [19] . Three overlap measurements, overlap (OV), overlap until the first error (OF), and overlap with the clinically relevant part of the vessel (OT), are used to assess the ability of centerline tracking. One distance measurement, average distance inside the vessel (AI), is used to assess the accuracy of centerline tracking. Figure 4 illustrates the definition of different terms used in these measures. The overlap measurements are defined as:
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The distance measurement AI is the average distance between the detected path and the reference of the TP region. The real clinical coronary CTA images are acquired with a typical resolution of 0.36mm x 0.36mm x 0.40mm. Four major coronary arteries are extracted from a coronary CTA image, namely, Right Coronary Artery (RCA), Left Anterior Descending branch (LAD), Left Circumflex artery (LCX), and one large side branch of the main coronary arteries. The reference standards for the centerlines are provided by the average of three trained observers. The proposed method is applied to 8 CTA datasets and a total of 32 coronary arteries are tracked and measured. Figure 5 shows the extracted centerlines and corresponding segmentation results. Table 1 summarizes the comparison results of the proposed method with other semi-automated centerline extraction methods designed for coronary artery extraction, including Multi-Hypothesis Tracking (MHT) [20] , Tracer [21] , Two Point Minimum Cost (TPMC) [22] , Knowledge Based Minimum Path (KBMP) [23] , and Coronary Tree Morphology Reconstruction (CTMR) [24] . Our method is the fastest, archives good tracking ability (94.7% overlap) within an average distance inside the vessel of 0.36mm. Besides, our proposed method is able to estimate the radii information of the coronary arteries. In the table, the "points per vessel" indicates how many points should be manually provided on average for each artery to be extracted. The OF value of our method is intermediate among all results. This indicates that error occurs at earlier stage of the tracking because of the thinness of the vessels. However the good OV value also indicates the tracking can be well adjusted to come back to the right traces. Synthetic coronary CTA images are generated to simulate blood vessels with pre-defined centerlines and circular cross sections. Figure 6 shows an example result for the centerline extraction and vessel segmentation in a synthetic CTA image. On average the error for radii estimation is less than 0.1mm and the average AI is 0.08mm.
IV. CONCLUSION
We present a highly automated method to segment arteries in CTA images. The method consists of a novel centerline tracking method and an improved generalize cylinder model for centerline refinement and tubular structure segmentation. In the tracking procedure, both the first and second order geometric moments based directions are adopted to improve accuracy and ensure that the tracking is always inside the tubular structures. The tracking result is further refined using an improved generalized cylinder structure based parametric snake model. The evaluation shows that the proposed method has very good tracking ability with a sub-voxel tracking accuracy for coronary CTA images. 
